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SYSTEM AND METHOD FOR ENTITY
RECOGNITION AND LINKING

BACKGROUND

The present invention generally relates to analysis of text
received from various sources, and more specifically to
detection and validation of concepts extracted from entities
embedded 1n unstructured text.

One of the challenges for text analytics 1s the identifica-
tion of terms with ambiguous meaning, known as entity
recognition and entity linking. For example, performance of
a text analytics system can be negatively impacted by
ambiguous terms such as Michael Jordan (basketball player
or the famous UC Berkley professor), back (as a body part
or a preposition) and US (Ultrasound or Unmited States) that
appear 1n text. Typical entity recognition and entity linking
approaches rely on manually labeling text to train the
systems for recognizing terms from text and then linking the
terms to the right concepts. Such text-based training can be
expensive to compile, and updates to the system depend on
technical users such as software developers to re-train and
enhance the entity recognition and linking systems. Every-
day users of these systems ultimately play a passive role 1n
the ecosystem. Particularly 1n the field of medicine, the users
themselves (clinicians) have the most relevant insight into
the appropriate use of ambiguous terms and they are not
integrated into the development of systems and methods
currently. Further, the terms and conventions can also vary
widely from application to application, so 1t 1s important to
allow the system to evolve within the environment where 1t
1s used.

There 1s need to improve the etliciency and relevance of
the method and systems associated with text analysis.

[l

BRIEF DESCRIPTION

In accordance with one aspect of the invention, a method
of text analysis comprises recognizing a concept, disam-
biguating the at least one extracted concept and capturing
user feedback. Recognizing a concept comprises receiving a
stream of text comprising a plurality of entities, and extract-
ing at least one concept from said plurality of entities.
Disambiguating the at least one extracted concept, com-
prises recerving said at least one extracted concept, and
generating at least one disambiguated concept correspond-
ing to said at least one extracted concept. Capturing user
teedback comprises receiving the at least one disambiguated
concept, validating said disambiguated concept with a first
manual input recerved from a user, generating at least one of:
a retained concept and a discarded concept, receiving a
second manual input from the user, and adding said retained
concept to at least one of: said plurality of positive example
concepts and said plurality of negative example concepts,
based on said second manual input.

In accordance with another aspect of the invention, a
system for text analysis comprises a concept recognition
module configured to receive a stream of text comprising a
plurality of entities, and extract at least one concept from
said plurality of enfities. The system also comprises a
concept disambiguation module independently coupled to
said concept recognition module and configured to receive
and disambiguate said at least one extracted concept, and
generate at least one corresponding disambiguated concept.

In accordance with another aspect of the invention, a
non-transitory, computer-readable medium storing instruc-
tions that, when executed by a computer processor, cause the
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computer processor to perform a method of text analysis
comprising recognizing a concept, disambiguating the at
least one extracted concept, and capturing user feedback.
Recognizing a concept comprises receiving a stream of text
comprising a plurality of entities, and extracting at least one
concept from the plurality of entities. Disambiguating the at
least one extracted concept, comprises receiving the at least
one extracted concept, and generating at least one disam-
biguated concept corresponding to the at least one extracted
concept, wherein the generating at least one disambiguated
concept comprises computing a confidence score signifying
a likelihood of correctness of the at least one extracted
concept, and further wherein the computing a confidence
score comprises incorporating a comparison with each of:
the plurality of positive example concepts and the plurality
ol negative example concepts, wherein the disambiguating
the at least one extracted concept comprises comparing the
at least one extracted concept with each of: a plurality of
positive example concepts, and a plurality of negative
example concepts. Capturing user feedback comprises
receiving the at least one disambiguated concept, validating
the disambiguated concept with a first manual 1mnput recerved
from a user, and generating at least one of: a retained
concept and a discarded concept.

DRAWINGS

Embodiments described herein will become better under-
stood when the following detailed description 1s read with
reference to the accompanying drawings i which like
characters represent like parts throughout the drawings,
wherein:

FIG. 1 illustrates a system of text analysis 1n accordance
with one embodiment of the present invention;

FIG. 2 illustrates a process of feature vector generation
process 1n accordance with one embodiment of the present
invention;

FIG. 3 illustrates a method of text analysis based on one
embodiment of the present invention; and

FIG. 4 illustrates an expanded view of the step of recog-
nizing a concept of FIG. 3, based on one embodiment of the
present 1nvention.

DETAILED DESCRIPTION

Example embodiments are described below in detail with
reference to the accompanying drawings, where the same
reference numerals denote the same parts throughout the
drawings. Some of these embodiments may address the
above and other needs. In an eflort to provide a concise
description of these embodiments, all features of an actual
implementation may not be described in the specification. It
should be appreciated that 1n the development of any such
actual implementation, as 1 any engineering or design
project, numerous 1mplementation-specific decisions must
be made to achieve the developers’ specific goals, such as
compliance with system-related and business-related con-
straints, which may vary from one implementation to
another. Moreover, 1t should be appreciated that such a
development effort might be complex and time consuming,
but would nevertheless be a routine undertaking of design,
fabrication, and manufacture for those of ordinary skill
having the benefit of this disclosure.

When introducing elements of various embodiments dis-
closed herein, the articles “a,” “an,” *“the,” and “said” are
intended to mean that there are one or more of the elements.

2= Y i

The terms “comprising,” “including,” an

Q]

having” are
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intended to be inclusive and mean that there may be addi-
tional elements other than the listed elements.

Existing approaches to entity recognition and entity link-
ing can be broadly categorized 1nto dictionary-based, super-
vised, semi-supervised and active learning approaches. Dic-
tionary-based techniques are the predominant approaches to
identify entity recognition and linking. In addition to per-
forming an exact match between keywords 1n dictionary and
target text, an extension of dictionary-based approaches
typically includes partial matching such as and heuristics
such as to comprehend name variations and abbreviations
for entities. Supervised learning approaches label data to
learn sequential models that capture the neighboring features
of the entities i order to recognize entities. Semi-supervised
approaches require a small seed of labeled examples and
iteratively generalize to recognize entities. Active learning
approaches require a small seed of labeled examples, but the
algorithm would prompt the users for the most uncertain
cases 1n order to improve the entity recognition and entity
linking process.

Problem often arises when any of the existing approaches
1s applied 1n typical industrial applications, where the data or
texts are frequently free-form and lacks standardized struc-
tures that would enable valuable downstream analysis. In the
context of medical applications as a non-limiting example,
much of the information 1s natural language text entered
manually by care providers, and even structured fields are
often site-configurable, meaning that concepts found in one
data system are not always represented 1dentically 1n others.
A prime example 1 medical applications are the climical
documents housed 1n the electronic medical records—spe-
cifically oflice wvisits, inpatient progress notes, specialist
consults, or other subjective assessments of a clinician’s
encounter with a patient.

It 1s important to analyze natural language text effectively
to provide msights or transform the content into a structured
form for better visualization and analysis. The problem of
dealing with ambiguous terms while analyzing unstructured
text 1s a common problem encountered by most entity
recognition and entity linking algorithms. One approach to
dealing with this challenge 1s modifying and improving the
entity recognition and linking algorithms. However, modi-
tying the original source code requires a significant amount
of time as well as deep technical expertise. With an advent
of off-the-shelf concept recognition algorithms, people with
limited technical experience are able to leverage such sys-
tems. However, updating such systems would require com-
pilation of labeled data to perform training and update the
systems.

In one embodiment of the present invention, this problem
1s solved by providing a mechamsm to effectively update the
concept recognition and linking algorithms by means of user
teedback. This mechanism eliminates the need to compile
new tramning datasets to cover additional terms, and
decreases reliance on developers to update the system. In
another embodiment of the present invention, terms or
entities are identified from text and assigned appropriate
concepts 1n software applications with user feedback to
continuously improve the entity recogmition and entity link-
ing capabilities. Further, in yet another embodiment of the
present invention, a method 1s described that identifies,
extracts and disambiguates extracted concepts from unstruc-
tured text, and enables the primary software users to actively
provide feedback on terms used to train the system. The
disambiguation module, in accordance with one embodi-
ment of the present invention, updates and learns from these
examples to assist 1 1mproving the tagging process. In
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another embodiment of the invention, identification of medi-
cal concepts from text corpora such as climical documents
involves the use of a feedback-based mechanism with the
medical ontologies as the basis for entity recognition.
Throughout this description, an entity 1s referred as word
tokens that collectively indicate a concept 1n text, while a
concept 1s referred to as a thing in an ontology. An extracted
concept corresponds to an enftity that links to a particular
concept in the ontology.

Turning now to the drawings, FIG. 1 illustrates a system
of text analysis 1n accordance with one embodiment of the
present mvention. The system for text analysis 10 includes
a concept recognition module 12, a concept disambiguation
module 14 and a user feedback module 16. The concept
recognition module 12 1s configured to receive a stream of
text 32 comprising a number of entities 34, and extract at
least one concept 36 from the number of entities, typically
from a user 52.

In a typical example of real life operation, several logi-
cally possible entities 34 are automatically identified from
an mput stream of text 32. For instance, as a non-limiting
example, 1 a text stream ““Musculoskeletal: denies myal-
gias, back pain, joint pain or falls” is received, automatic
identification of entities may be carried out, 1n one non-
limiting example with the help of an ontology that includes
most of the concepts related to body parts and their symp-
toms, or any existing named entity recognition system
would do. In the exemplary scenario presented above, the
entities that may be automatically identified are: “Muscu-
loskeletal”, “myalgias”, “back pain”, “back’™, “joint pain”,
“j0mt” and so on. Further, “entity linking” automatically
maps the entities already identified to the corresponding
concepts existing and enlisted 1n a typical exemplary ontol-
ogy. For instance, “Muscuoloskeletal” can be mapped to the
concept “Muscuoloskeletal” 1n an exemplary NCIT ontol-
ogy (http://purl.bioontology.org/ontology/NCIT?conceptid=

http%3 A%2F%2Fncicb.nci.nth.gov%2Fxml%2Fowl%
2FEVS%2F Thesaurus.owl%23C25348).

Furthermore, as 1s explained in more details below, syn-
tactic and semantic features are automatically generated for
cach entity-to-concept mapping, signified as extracted con-
cepts and the features become the elements of the vector
representation for each entity-to-concept mapping. The vec-
tors generated in this way, are automatically compared
against any existing positive and negative examples of
entity-to-concept mappings. Subsequently, confidence
scores are computed to determine the likelihood of the
correctness of the mappings. The mappings, thus obtained,
are presented to the users, so that the user can validate
whether the mapping 1s correct or not. The user’s feedback
1s then incorporated into the system by updating the disam-
biguation model, without any need for re-training.

Referring to FIG. 1 again, the concept recognition module
12 includes a text processing component 82 and a feature
vector generating component 84. The text processing com-
ponent 82 1s configured to process a number of entities 34
applying a natural language processing technique, and
extract the extracted concept 36.

The text processing component 82 typically applies natu-
ral to language processing techniques to the mnput text 32. In
one embodiment of the invention, the iput stream of text 32
comprises unstructured text. In another embodiment of the
invention, the mput stream of text 32 comprises structured
text received through various web-enabled standard forms.
In one situation, the mput text 32 often comes in the form of
clinical documents such as oflice notes and progress notes.
Only as a non-limiting example, Apache OpenNLP 1is
applied to perform sentence segmentation, tokenization and
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parts-of-speech tagging, while ClearNLP 1s used for lem-
matization. To recognmize concepts from text, UIMA Concept
Mapper 1s used with RadlLex and NCI Thesaurus ontologies
as the sources for the UIMA Concept Mapper dictionaries.
This 1s achieved by translating the ontologies into UIMA
Concept Mapper dictionaries 1n XML format. Each of the
concepts 1n the ontologies is translated ito canonical form
and the vanants for the dictionary format. Canonical form of
a concept 1s represented by the Uniformed Resource Iden-
tifier (URI) of the concept, while 1ts varnants include the
preferred name and synonyms of the concept. When an
entity 1s 1dentified by the UIMA Concept Mapper, the entity
1s returned with the corresponding URI so that 1t can be
treated as the mapping between the entities to the particular
concept 1n the ontologies.

Referring to FIG. 1, The feature vector generating com-
ponent 84 1s configured to receive the extracted concept 36
from the text processing component 82, generate feature
vector representation 86 corresponding to of the number of
entities 34 linked to the extracted concept 36 in terms of a
number of features 88 associated with the extracted concept
36, and associate the feature vector representation 86 with of
the number of positive example concepts 26 and the number
ol negative example concepts 28.

In relation to the feature vector generating component 84,
as 1n other vector-based approaches, an entity e that 1s linked
to concept ¢ 1s associated with a vector representation
X, =<t,, ..., 1> where 1, corresponds to a feature. A
vector can represent a positive example or a negative
example for concept c. Vectors that correspond to positive
examples of ¢ are stored in matrix P_. while negative
examples collectively as N .. The feature vector generation
component, 1n one embodiment of the invention, takes the
text processing components as mput to populate the ele-
ments 1 x___ .

Further, features used in the context of feature vector
generating component 84 can be categorized into syntactic
and semantic features. In a typical non-limiting example
using Apache OpenNLP, syntactic features may include
1sAllUppercase and part of speech features. Feature 1sAl-
IUppercase 1s for identifying if all of the letters for an
extracted entity are in uppercases. Another type of syntactic
features are parts-of-speech features, denoted as POS fea-
tures. Various parts-oi-speech tags are considered for POS
features nouns (NN), all forms of verbs (VB), prepositions
(IN), to (TO), numbers (CD), adjectives (1]) and adverbs
(RB). In addition, the POS features are applied to a window
of n word tokens to the left and right of the entity. In this
paper, we chose n to be 2. Suppose feature {, represents the
presence of noun for the entity of interest, features 1,_, and
t._, refer to occurrences of nouns to the left of the entity,
while features 1, , and {, , correspond to the presence of
nouns to the right of the entity. The semantic features include
identifving the entity types of the entity and its neighboring
word tokens. In particular, entity types that are considered in
the semantic features are Imaging Modality (IM), Body Part
(BP), Anatomy Modifier (AM), Diagnostic Procedure (DP),
Disease and Disorder (DD) and Symptom (SYM). Semantic
features are applied to the neighboring word tokens that are
within a window ol n word tokens from the extracted entity.
Further, entities are considered to belong to a particular
entity type i1f the extracted concept 1s a subclass of a root
concept.

FI1G. 2 1illustrates a typical process 100 of feature vector
generation, as ellectuated by the feature vector generating
component 84 1n accordance with one embodiment of the

present invention. First exemplary sentence 102 1n FIG. 2
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shows occurrences of the word tokens “US” 104 and “us”™
106. The feature vector generating component 84 identifies
the word tokens as entities referring to the concept “Ultra-
sound” and generates the feature vector 112 for the first
entity 104. However, only the first occurrence “US” indeed
corresponds to the concept. For the sake of brevity, only the
teatures 1sAllUppercase, NN, VB, IN, BP are shown 1n the
vector representation for the two entities. Feature 11 for the
entity “US” (denoted as x1 in the figure) 1s assigned as 1
since all letters of the entity are 1n uppercase letters. Features
12 and 13 correspond to the occurrence of nouns to the left
of the enftity, while 15 and 16 refer to nouns to the right of
entity. Feature 14 corresponds to the occurrence of noun for
the entity, and it 1s marked as 1 since the word token “US”
1s recognized as a noun by the parts-of-speech tagger.
Features 111 corresponds to the verb “was” in the sentence
and 119 refers to the entity “thyroid” which 1s recognized as
a body part. In a similar manner, the feature vector gener-
ating component 84 generates the second feature vector
representation 114 for the entity 106 (“us”), wherein 16
corresponds to the word “time” and 1135 refers to the word
“at” 1n the sentence. Finally, feature vector generating
component 84 synthesizes the information related various
teature vectors 112, 114 and so on 1nto the extracted concept
36 and send that over to concept disambiguation module 14.

Referring back to FIG. 1, the concept disambiguation
module 14 1s independently coupled to the concept recog-
nition module 12 and 1s configured to receive and disam-
biguate the extracted concept 36 from the concept recogni-
tion module 12 and generate corresponding disambiguated
concept 38. The concept disambiguation module 14 further
includes a number of positive example concepts 26 and a
number ol negative example concepts 28. Each of the
positive example concepts 26 and the negative example
concepts 28 serve as a reference for comparison with the
extracted concept 36. In order to disambiguate the extracted
concept 36, the concept disambiguation module 14 com-
putes a confidence score 42 sigmiying a likelihood of
correctness of the extracted concept 36 to generate the
corresponding disambiguated concept 38. The confidence
score 42 incorporates a comparison with each of the positive
example concepts 26 and the negative example concepts 28.

In one embodiment of the invention, the text analysis
system 10 computes similarity with the positive and nega-
tive example concept scores for matching the most similar
positive and negative example concepts 26 and 28 respec-
tively. This similarity 1s computed using cosine similarity
between the extracted concept 36 and each of the positive
and negative example concepts 26 and 28 respectively.
Specifically, the extracted concept 36 1s assigned a confii-
dence score 42 as (positiveScore+(1-negativeScore))/2. If
the disambiguation module 14 does not have any informa-
tion related to the extracted concept, 1t assigns a score of 1.
The confidence scores 42 retlect the likelihood of correct-
ness for the extracted concepts.

To elaborate further the theoretical background, every
concept 1s represented as a vector based on several syntactic
and semantic features. Syntactic features include checking
whether the surface form of the extracted concept 1s in
uppercase and identifying its part of speech tag, whereas the
semantic features include 1dentitying the entity type of the
surface form. To capture additional context associated with
the concept, feature values are added to vectors via the
syntactic and semantic features for words to the left and right
of the extracted concept. To compute the confidence scores,
the concept vector for the extracted concept 1s compared
against the vectors in the disambiguation module 14.
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As mentioned above, one specific goal ol computing
confidence score 42 1s to determine the likelithood for an
entity e to be linked correctly to concept ¢, 1.e. the likelihood
ol correctness for an extracted concept denoted as e—c. This
1s achieved by comparing e—c with the positive examples
P_ and the negative examples N _ that have been collected for

concept ¢ 1n the disambiguation module. Intuitively, the
coniidence score for e—=c 1s computed based on the level of

similarity between e—c¢ and the positive examples in P_. and
the level of dissimilarity between e—c and the negative
examples 1 N_. The confidence score computation score
(e—c) 1s characterized by the following formulas:

1if N, = ¢

score (e = ¢) = { confle - ¢)

conf (e - ¢) =

- max similarity (e - ¢, p) + w, (1 — maxsimiliarity (e - c, n))
peFe n=N

Wp

In the equation presented above, w, and w,, correspond to
the weights, which are both assigned as 0.5 1 a typical
experiments. It 1s important to note and justify the rationale
behind score(e—c) assigned as 1 when N_=¢, 1.¢. when there
are no negative examples associated with concept c¢. The
basis of our approach is to rely on the ontology to identify
concepts, and disambiguation 1s needed only for concepts
that can be used 1n different context. This can be reflected by
the existence ol negative examples for the concepts of
interest, 1n which a concept with negative examples indicate
such concept can be used in multiple context in text. Such
behavior 1s captured in the formulas above so that conf
(e—c) 1s only computed for an extracted concept 1f negative
examples of ¢ have been collected. A high score(e—c)
implies that e—c 1s deemed to be highly similar to one of the
positive examples 1 P and highly dissimilar to one of the
negative examples in N _. Similarity between the extracted
concept and an example 1s computed based on their corre-
sponding vector representation with the use of cosine simi-

larity defined as follows:

— —

AV
[Ee TRyl

similarity (x, v) =

Referring back to FIG. 1, the text analysis system 10
turther decides to retain or discard the extracted concept
based on the confidence score 42. If the score 1s below a
certain threshold, the concept can be discarded, else it 1s
retained. For example, “back” 1s a positive example of body
parts, when linked to the concept “Musculoskeletal: denies
myalgias, back pain, joint pain or falls”. On the other hand
a negative example 1s: “I plan to see him back in 6 months
for follow up”. In a different context, another positive
example 1s: “US thyroid showed A benign-appearing spon-
giform nodule within the right” and a corresponding nega-
tive example 1s: “He continues to work for the US Post
Oflice”.

In one embodiment of the present invention, once an
extracted concept 36 1s disambiguated as 38 in the concept
disambiguation module 14 with help of confidence score 42,
it 1s 1mportant to validate the disambiguated concept 38.
While validating a disambiguated concept 38, it 1s important
to integrate a real user into the system and process and
receive online user feedback rather than retraiming the
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model. As 1llustrated 1n more details below, 1n one embodi-
ment of the present imvention, user feedback i1s received
through user feedback module 16 interactively 1n order to
improve the underlying model for enftity recognition and
linking. While active learning takes user feedback to help
resolve uncertain cases, the method and systems 1n accor-
dance with one embodiment of the present invention do not
require seed labeled examples. Removing the requirement
for labeled examples enables users to be responsible 1n
improving the process without depending on the developers.
This feature 1s of particular significance when the system
deployed 1n a different domains or application sites.

In one embodiment of the present invention, all extracted
and disambiguated concepts 38 are presented to a user 52 on
a web-based user interface, wherein text representing the
concept 38 1s highlighted. Alongside the highlighted text, the
extracted and disambiguated concept 38 and 1ts type are
displayed. A typical user 52 1s provided with two choices to
indicate whether the extraction and disambiguation 1s cor-
rect (positive) or incorrect (negative). Based on the user
selection, the appropriate vector set, positive or negative
examples 26 and 28 are updated in the disambiguation
module 14. The updated disambiguation module 14 1s fur-
ther used to extract concepts from any future texts.

Referring back to FIG. 1 and explaining in terms of
representative modules and components, user feedback
module 16 1s coupled to the concept disambiguation module
14 and 1s configured to receive the disambiguated concept
38 from the concept disambiguation module 14. Further the
user feedback module 16 validates the disambiguated con-
cept with first manual input 62 received from a user 52, and
generates either a retained concept 72 or a discarded concept
74. The retained concept 72 1s supplied back to the concept
disambiguation module 14 and added either to the number of
positive example concepts 26 or the number of negative
example concepts 28, based on a second manual mput 64
received from the user 62.

In certain embodiments of the present invention, the text
analysis system 10 1s a computer based system having
clectrical circuitry configured to process input text 32 from
the user interface 16. Further, the text analysis system 10
may 1include non-transitory, computer-readable medium
storing 1nstructions that, when executed by a computer
processor, cause the computer processor to perform a
method 200 of text analysis described in details below. For
example, the text analysis system 10 may include proces-
sors, storage devices, and memory devices. The processor(s)
may be used to execute soltware, such as text processing
software, and so forth. Moreover, the processor(s) may
include one or more microprocessors, such as one or more
“general-purpose” microprocessors, one or more special-
purpose microprocessors, and/or application specific inte-
grated circuits (ASICS), or some combination thereof. For
example, the processor(s) may include one or more reduced
istruction set (RISC) processors.

The storage device(s) (e.g., nonvolatile storage) may
include read-only memory (ROM), flash memory, a hard
drive, or any other suitable optical, magnetic, or solid-state
storage medium, or a combination thereof. The storage
device(s) may store data (e.g., text data, etc.), istructions
(e.g., soltware or firmware for processing text, etc.), and any
other suitable data. The memory device(s) may include a
volatile memory, such as random access memory (RAM),
and/or a nonvolatile memory, such as ROM. The memory
device(s) may store a variety of information and may be
used for various purposes. For example, the memory
device(s) may store processor-executable instructions (e.g.,
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firmware or software) for the processor(s) to execute, such
as mnstructions for a text analysis software.

In certain embodiments, the text analysis system 10 may
include a communication device (e.g., network interface,
wireless communication module, etc.) configured to com-
municate (e.g., via wired or wireless signals) with a remote
server or a cloud-based computer network, for example. In
such embodiments, the text analysis system 10 may output
signals indicative of the extracted concepts corresponding to
the stream of 1mput text 32. The remote server or network
may store and/or process the signals to facilitate short-term
and/or long-term text analysis. For example, the remote
server or network may compare an extracted and disam-
biguated concept with previously stored database of positive
concept examples and negative concept examples in order to
identily confidence scores for the purpose of validation.

Turning to the drawings again, FIG. 3 1llustrates a method
of text analysis 200 based on one embodiment of the present
invention. The method 200 includes recognizing a concept
as 1n step 202. Recognizing a concept 202 includes receiving
a stream of text 32 (FIG. 1) comprising a number of entities
34 (FIG. 1), as 1n 212. In one embodiment of the invention,
in the step 212 of receiving a stream of text includes
receiving a stream of unstructured text. In another embodi-
ment of the mnvention, the input stream of text 32 comprises
structured text received through various web-enabled stan-
dard forms. Recognizing a concept 202 also includes
extracting concept 36 (FIG. 1) from the number of entities
34, as 1n 214.

The method 200 further includes disambiguating the
extracted concept, as 1n 204. Disambiguating the extracted
concept 36 includes receiving the extracted concept, as 1n
222 and generating disambiguated concept 38 (FIG. 1)
corresponding to the extracted concept 36, as 1n 224. The
disambiguating the extracted concept step 204 further
includes comparing the extracted concept with each of the
positive example concepts 26, and the negative example
concepts 28. The generating disambiguated concept, as 1n
224 includes computing a confidence score 42 signifying a
likelihood of correctness of the extracted concept. Comput-
ing a coniidence score 42 comprises mcorporating a coms-
parison with each of the positive example concepts 26 and
the negative example concepts 28.

The method 200 further includes capturing user feedback,
as 1 206. Capturing used feedback 206 includes receiving
the disambiguated concept 28, as i 232, validating the
disambiguated concept with a first manual input 62 received
from a user 32, as 1 234, and generating either a retained
concept 72 or a discarded concept 74, as 1n 236. The step of
capturing used feedback 232 further includes receiving a
second manual input 64 from the user, as 1n 238; and adding
the retained concept 72 to the positive example concepts 26
and the negative example concepts 28, based on the second
manual mput 64, as in 242.

FIG. 4 1illustrates an expanded view of the step 202,
recognizing a concept of FIG. 3, based on one embodiment
of the present imnvention. The step 202, includes applying a
natural language processing technique to process the number
of entities 34, as 1n step 252 to generate the extracted
concept 36, generating feature vector representation 86
corresponding to of the number of entities 34 linked to the
extracted concept 36 1n terms of a number of features 88
associated with the extracted concept, as in step 254; and
associating the feature vector representation with either the
number of positive example concepts 26 or the number of
negative example concepts 28, as 1n step 256.
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One non-liming technical advantage of the present mnven-
tion 1s that the disambiguation system and method described
herein are semi-automated and these typically use user
teedback to actively improve the disambiguation module.
Specifically, the feedback-based mechanism acts as a way to
disambiguate concepts that can be used 1n diflerent contexts
through the collection of positive and negative examples.
This approach 1s aimed to reduce the number of false
positives when only the ontologies are applied to the input
text as dictionaries. The current approach further involves a
text processing step wherein syntactic and semantic features
are generated to form a vector representation of the entities
in the feature vector generation step. Furthermore, the
confidence score assigned to each of the entities during the
disambiguation step, reflects the likelihood of correctness
for an entity to be linked to a particular concept in the
ontologies.
Another non-liming technical advantage of the present
invention 1s that the disambiguation module 1s decoupled
from the concept recognition algorithm. In other words, the
disambiguation module can be paired with any given con-
cept recognition algorithm and thereby used 1n a number of
different domains. This independent configuration of the
disambiguation module alleviates the dependency on devel-
opers to update the system through user feedback. One
commercial advantage of this approach 1s that 1t reduces the
cost of maintaining systems by enabling users to continually
improve the accuracy of their version of the algorithm with
use and feedback. In other words, current configurations of
the systems and methods described herein help build better
concept recognition modules for a variety of domains 1n
shorter periods of time.
This written description uses examples to disclose the
invention, including the best mode, and also to enable any
person skilled in the art to practice the invention, including,
making and using any devices or systems and performing
any 1ncorporated methods. The patentable scope of the
invention 1s defined by the claims, and may include other
examples that occur to those skilled 1n the art. Such other
examples are intended to be within the scope of the claims
if they have structural elements that do not differ from the
literal language of the claims, or if they include equivalent
structural elements with nsubstantial differences from the
literal language of the claims.
What 1s claimed 1s:
1. A method of text analysis comprising:
applying a natural language processing technique for
recognizing an ontological concept, by a concept rec-
ognition module, the recognizing comprising:

recerving a stream ol text comprising a plurality of
entities;

extracting at least one concept from said plurality of

entities;

disambiguating said at least one extracted concept, by a

concept disambiguation module, comprising:
recerving said at least one extracted concept;

generating at least one disambiguated concept corre-

sponding to said at least one extracted concept, wherein
generating the at least one disambiguated concept com-
prises computing a confidence score signiiying a like-
lthood of correctness of the at least one extracted
concept, and further wherein the computing a confi-
dence score comprises mcorporating a comparison with
cach of: a plurality of positive example concepts and a
plurality of negative example concepts, wherein the
disambiguating the at least one extracted concept com-
prises comparing the at least one extracted concept with
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cach of: the plurality of positive example concepts, and
the plurality of negative example concepts;
capturing user feedback, comprising:
receiving said at least one disambiguated concept;
validating said disambiguated concept with a first manual
iput recerved from a user;
generating at least one of: a retained concept and a
discarded concept;
and
updating the concept disambiguation module based on the
at least one disambiguated concept and a second 1nput
from the user.
2. The method of claim 1, wherein said generating at least
one disambiguated concept comprises computing a confi-
dence score signifying a likelihood of correctness of said at

least one extracted concept.

3. The method of claim 2, wherein said computing a
confidence score comprises incorporating a comparison with
cach of: said plurality of positive example concepts and said
plurality of negative example concepts.

4. The method of claim 1, wherein said recognizing the
ontological concept further comprises:

processing said plurality of entities by applying the natu-

ral language processing technique to generate said at

least one extracted concept;
generating feature vector representation corresponding to at
least one of the plurality of entities linked to said at least one
extracted concept 1n terms of a plurality of features associ-
ated with said extracted concept; and

associating said vector representation with at least one of:

said plurality of positive example concepts and said

plurality of negative example concepts.

5. The method of claim 1, wherein said receiving a stream
ol text comprises receiving a stream of unstructured text.

6. A system for text analysis comprising:

a concept recognition module configured to:

receive a stream of text comprising a plurality of
entities, and;

extract at least one concept from said plurality of
entities;

a concept disambiguation module i1ndependently
coupled to said concept recognition module and
configured to:

receive and disambiguate said at least one extracted
concept;

generate at least one corresponding disambiguated con-
cept corresponding to said at least one extracted
concept, wherein the generating at least one disam-
biguated concept comprises computing a confidence
score signitying a likelihood of correctness of the at
least one extracted concept, and further wherein the
computing a confidence score comprises mcorporat-
ing a comparison with each of: a plurality of positive
example concepts and a plurality of negative
example concepts, wherein the disambiguating the at
least one extracted concept comprises comparing the
at least one extracted concept with each of: the
plurality of positive example concepts, and the plu-
rality of negative example concepts;

a user feedback module coupled to the concept disam-
biguation module and configured to:

receive the at least one disambiguated concept;

validate the disambiguated concept with a first input
received from a user:

generate at least one of: a retained concept and a
discarded concept; and
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update the concept disambiguation module based on
the at least one corresponding disambiguated con-
cept and a second 1nput recerved from the user.

7. The system of claim 6, wherein said concept disam-
biguation module computes a confidence score signifying a
likelihood of correctness of said at least one extracted
concept to generate said at least one corresponding disam-
biguated concept.

8. The system of claim 7, wherein said confidence score
incorporates a comparison with each of: said plurality of
positive example concepts and said plurality of negative
example concepts.

9. The system of claim 6 further comprising a user
teedback module coupled to said concept disambiguation
module and configured to: receive said disambiguated con-
cept from said concept disambiguation module; validate said
disambiguated concept with first input recerved from a user,
and generate at least one of: a retamned concept and a
discarded concept.

10. The system of claim 9, wherein said retained concept
1s supplied back to said concept disambiguation module and
added to at least one of: said plurality of positive example
concepts and said plurality of negative example concepts,
based on a second manual 1mnput received from said user.

11. The system of claim 6, wherein said concept recog-
nition module further comprises:

a text processing component configured to:

process said plurality of entities applying a natural lan-

guage processing technique; and

extract said at least one concept;

a feature vector generating component configured to:

recerve said extracted concept from said text processing

component;

generate feature vector representation corresponding to at
least one of the plurality of entities linked to said at
least one extracted concept 1n terms ol a plurality of
features associated with said extracted concept; and

associate said vector representation with at least one of:

said plurality of positive example concepts and said
plurality of negative example concepts.
12. The system of claim 6, wherein said text comprises
unstructured text.
13. A non-transitory, computer-readable medium storing
instructions that, when executed by a computer processor,
cause the computer processor to perform a method of text
analysis comprising:
applying a natural language processing technique for
recognizing an ontological concept by a concept rec-
ognition module, the recognizing comprising:

recerving a stream ol text comprising a plurality of
entities;

extracting at least one concept from said plurality of

entities;

disambiguating said at least one extracted concept, by a

concept disambiguation module, comprising:
recerving said at least one extracted concept;

generating at least one disambiguated concept corre-

sponding to said at least one extracted concept, wherein
saild generating at least one disambiguated concept
comprises computing a confidence score signilying a
likelihood of correctness of said at least one extracted
concept, and further wherein said computing a confi-
dence score comprises mcorporating a comparison with
cach of: said plurality of positive example concepts and
said plurality of negative example concepts, wherein
said disambiguating said at least one extracted concept
comprises comparing said at least one extracted con-
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cept with each of: a plurality of positive example
concepts, and a plurality of negative example concepts;
capturing user feedback, comprising:

receiving said at least one disambiguated concept;

validating said disambiguated concept with a first input 5
received from a user; and

generating at least one of: a retained concept and a
discarded concept; and

updating the concept disambiguation module based on the
at least one disambiguated concept and a second 1mput 10
received by the user.

14. The medium of claim 13, further comprising:

receiving the second mput from the user; and

adding said retamned concept to at least one of: said
plurality of positive example concepts and said plural- 15
ity of negative example concepts, based on said second
input.

15. The medium of claim 13, wherein said recognizing the

ontological concept further comprises:

processing said plurality of entities by applying the natu- 20
ral language processing technique to generate said at
least one extracted concept;

generating feature vector representation corresponding to
at least one of the plurality of entities linked to said at
least one extracted concept 1n terms of a plurality of 25
features associated with said extracted concept; and

associating said vector representation with at least one of:
said plurality of positive example concepts and said

plurality of negative example concepts.
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